The increasing gap between electricity prices and feed-in tariffs for photovoltaic (PV) electricity in many countries, along with the recent strong cost degression of batteries, led to a rise in installed combined PV and battery systems worldwide. The load profile of a property greatly affects the self-consumption rate and, thus, the profitability of the system. Therefore, insights from analyses of residential applications, which are well studied, cannot simply be transferred to other types of properties. In comparison to residential applications, PV is especially suitable for municipal buildings, due to their better match of demand and supply. In order to analyze the value of additional batteries, municipal PV battery systems of different sizes were simulated, taking load profiles of 101 properties as inputs. It was found that self-consumption differs significantly from households, while different types of municipal buildings are largely similar in terms of the indicators analyzed. The share of electricity consumed during summertime was found to have the most significant impact on the self-consumption rate for most considered system sizes. Due to lower electricity tariffs and lower increases in self-consumption provided through batteries in municipal buildings, the investment into a battery is not economically advantageous in most of the cases considered.
Introduction
In countries in which grid parity has been reached for decentralized photovoltaic (PV) power plants, selfconsumption is the main driver for the profitability of such systems. Stationary battery storage can increase the amount of self-consumed electricity significantly. Due to technological improvement and strong cost reductions of lithium-ion batteries, more and more PV systems are nowadays combined with batteries [1] .
Current research focuses strongly on storage applications for residential buildings. Results from these studies demonstrate the impact of the load profile on the self-consumption rate (SCR), self-sufficiency rate (SSR) and the profitability of the PV battery system. Therefore, findings cannot directly be applied to other types of buildings and uses. With PV systems nowadays being installed on many schools, daycare centers, town halls and other community buildings, municipal properties are important applications of PV systems. Due to the good temporal match of demand and PV generation in these buildings, self-consumption rates are typically higher than for residential buildings. There are no studies, however, that analyze SCR, SSR and profitability of PV and battery storage systems on municipal properties specifically, and for different battery management strategies. The aim of this study is to close this gap and to provide realistic findings that can be used by project planners, municipal authorities and policy makers. For this purpose, the following research questions are formulated: What SCR and SSR can be realized for different kinds of municipal buildings and sizes of PV storage systems, and which variables influence SCR and SSR the most? Do the current framework conditions allow for an economic operation of PV storage systems on municipal properties? Which are the strongest influencing factors on the profitability?
Many studies have investigated self-consumption, self-sufficiency and profitability of PV battery storage systems, along with different charging and discharging strategies. The authors of [2] calculate SCR and SSR for different sizes of PV rooftop systems and battery storage, based on a reference household load profile. A model to estimate the internal rate of return for different PV plant and battery sizes, using simulated household load profiles, is developed by [3] . The authors of [4] determine the cost optimum constellation of PV system size and storage capacity, by varying both parameters. The authors of [5] calculate SSR, SCR and electricity cost for different PV system and battery sizes, based on the load profiles of two supermarkets. The authors of [6] derive equations to calculate SSR and SCR as a function of normalized PV system and storage size by applying an artificial neural network. They also investigate the impact of different discharging strategies on the grid and economic performance of the system. Their results are based on one residential load profile. The authors of [7] compare a forecast-based operation, based on linear optimization, to self-consumption maximizing operation for residential applications. According to [4] , there are significant differences in SSR and SCR between simulated, aggregated and standard load profiles. The authors of [2] find that SSR varies by 23 % for different households with equal (relative) PV system and storage size. The authors of [8] determine SCR and SSR for more than 2 000 Swedish households and find differences in SCR of more than 20 % for the same (relative) PV system and storage size. The authors of [9] focus on the profitability of PV in a municipal setting, but look at the aspect of communities of (mostly residential) buildings rather than municipal buildings. To the best knowledge of the authors, no studies specifically focusing on municipal buildings are yet available.
The conditions of prices, support schemes and solar irradiation for Germany are taken as the basis for the analysis in this study, but general findings can also be transferred to other locations with similar framework conditions. Linear programming is used to simulate two types of battery management systems (BMS), one that minimizes electricity procurement cost and one that additionally keeps the maximum power injection to the public grid as low as possible. The latter aspect is useful for PV support schemes that imply limits on the possible feed-in power. The model inputs are PV generation data for one year with a resolution of 15 min, system parameters of the PV plant, the battery and the inverter, and 15 min measured load profiles of 101 municipal properties. The model is run for 110 different PV storage system sizes for each property. SCR, SSR and losses that occur due to different feed-in power limits are calculated. Taking into account electricity prices, feed-in tariffs as well as acquisition and maintenance cost, the internal rate of return (IRR) and the break-even price for the battery at which the IRR would just be zero are calculated. The results are compared to each other, and explanatory variables for potential variances are identified using the generalized linear regression model (GLM) and analysis of variance (ANOVA).
The remainder of the paper is structured as follows: The applied model, assumptions made and the data input are presented in Sec. 2. In Sec. 3, results of both models, their statistical evaluation and a sensitivity analysis are presented. Sec. 4 discusses the main findings. Finally, Sec. 5 concludes the findings.
Method and Data
The programming problem used for minimum cost battery management is presented in Sec. 2.1, and the parameter assumptions and data inputs are described in Sec. 2.2.
The Model
Linear programming is used to simulate battery management with two different objectives. The first objective function, z 1 , minimizes electricity procurement costs, with revenues considered as negative costs. This is represented by the energy procured from the supplier, E supply t ≥ 0 ∀t, multiplied with the price p supply , reduced by the feed-in tariff (FIT ) earned for the energy fed into the public grid, E feed-in t ≥ 0 ∀t, all summed over the time instances t = 1, ..., T (Eq. 1). The time horizon is one year, and time increment ∆t is 15 min. Under the assumption of a time-invariant tariff and p supply > FIT , Eq. 1 is equivalent to maximizing self-consumption.
This operation strategy is observed to provide only limited grid relief (in terms of highest power injected into the public grid), because the battery is often filled before the daily peak of PV generation is reached [10, 11] . As a result, several PV support schemes have implemented some limit on power injection to the grid, as this has proven to be an effective measure for limiting grid interaction [12] . If the maximum annual power injection is entered into the objective function, battery capacity can be saved until the time of maximum PV production, and energy above the feed-in power limit can be stored [11, 13] . The second objective function, z 2 , therefore minimizes both cost and peak power feedin, P feed-in,max ≥ 0 (Eq. 2). Both parts of the objective functions are normalized and weighted. The normalizing term Ω represents the cost of buying the complete demand from the grid, and P PV represents the installed PV generation capacity. Normalization turns the cost and power part into dimensionless expressions.
Weighting is done through the weighting factor λ, with 0 ≤ λ ≤ 1. As neither the electricity tariff nor the FIT is assumed to be time-varying, some degree of grid feed-in reduction can be achieved through shifting the timing of battery charging without deviating from the cost minimum from z 1 . The λ value is set so that this cost minimum is achieved.
The building's electricity consumption in one time interval, E demand t , and its PV production, E PV t both go into the model for the whole year, so perfect foresight is assumed. Values are taken from historic measured data of 2017. The energy balance constraint is given by Eq. 3, with electricity charged to and discharged from the battery represented by E ch t ≥ 0 ∀t and E dch t ≥ 0 ∀t, respectively.
The battery state of charge S OC t at time t can be in a range up to its energy capacity C (4), and is defined by (5) . It considers charging and discharging efficiencies η ch and η dch , respectively, with 0 ≤ η ch , η dch ≤ 1.
Charging and discharging power is limited by maximum power values P ch,max and P dch,max , respectively. These maximum power values are expressed in relation to the charging capacity C of the battery, through the maximum power rates r ch,max and r dch,max (in MW/MWh).
The ambition to keep the maximum annual power feed-in into the grid as low as possible is achieved by the constraint defined through (8) . In this, the peak feed-in power is calculated as the average power over the 15 min time interval with highest feed-in energy of the year.
In order to only charge in situations of local surplus, and only discharge in situations of local net demand, the constraints given by (9) and (10) apply. These are only necessary if z 2 applies. Although it would be expected that (dis)charging (to) from the grid should be discouraged by the fact that (dis)charge efficiencies are taken into account in this model, it has been observed that this is not the case for all λ values. If a high weight is applied to minimizing the PV feed-in, frequent charging and discharging happens as a strategy to discard energy that would otherwise be injected to the grid. However, if (9) and (10) are introduced, cost minimal outputs with low PV feed-in and without "wasting" energy through frequent charging and discharging can be found for a wide range of λ values in all considered cases.
Using the simulated variables, self-consumption rate SCR and self-sufficiency rate SSR are calculated using Eqs. 11 and 12. The calculation also reflects losses from charging and discharging the battery.
For the profitability calculations, the sum of all power feed-ins above the threshold of 70 % of the respective nominal PV capacity is calculated for each PV battery system. This is inspired by current regulation of the feed-in tariff in Germany, which limits grid injections to 70 % of the PV capacity. The energy losses related to this regulation are integrated into the profitability evaluation.
Profitability of a PV battery system is best assessed through a discounted cash flow method [14] . The specific indicator chosen here is the (real) internal rate of return (IRR) as defined by Eq. 13, in which I 0 quantifies the initial investment, and c op the yearly operating costs. It has been calculated using the respective Matlab function.
Both models (using z 1 and z 2 , respectively) are run for all properties for which historical data is available, and for 110 hypothetical system configurations regarding PV size and battery size. In order to make results comparable, system sizes are always given in relation to the yearly electricity consumption of each property, in kW p /MWh for the PV generation capacity, and kWh/MWh for battery storage capacity. Ten different PV sizes from 0.2 to 2 kW p /MWh and eleven battery sizes from 0 to 2 kWh/MWh are analyzed.
Data Input
The technical parameters and cost assumptions used for the battery are based on data listed from an extensive monitoring program of actual system implementations [1] and from market observations [15] ; the assumed battery investment includes inverter costs. Prices for PV systems are based on [16] . Feed-in tariffs for different PV sizes, P PV (installed power, in kW), are assumed as granted in Germany in 2019. 3 Electricity prices for municipalities are based on a survey of actual contracts that were available to the authors in the course of this study. In line with current German regulation, a surcharge rate of 27.5 EUR/MWh is due if electricity is used from an own PV plant, if that plant is supported through a feedin tariff. An overview of all assumptions made is given in Tab. 1.
The load profiles of 101 municipal properties located in the city of Frankfurt and the surrounding area have been downloaded from [17] . Each dataset contains the electricity consumption in 15 min intervals for 2017. 76 of the datasets are from school buildings. On 15 of these properties, daycare centers are located besides the school, whose electricity consumption is measured by the same meter. 45 properties include school buildings and a sports hall. On five of these properties, a second meter is installed, allowing the differentiation between electricity consumed by the sports hall and the school building. Thus, the number of datasets including only a sports hall and only a school could be increased to six and 20, respectively, and the total number of data sets to 111. Another 15 properties contain school buildings as well as sports halls and daycare centers, whose electricity consumption could not be divided. Furthermore, the load profiles of twelve administration buildings, four nursing homes, two museums and seven conference halls have been analyzed. The 76 properties with school buildings can further be divided into seven types of schools: vocational (12), comprehensive (3), elementary (25), high school (11), secondary school (6) and special school (3). In 16 cases, more than one type of school was located on the property.
The yearly electricity consumption of the properties in the datasets ranges from 17 MWh to 1.2 GWh. 48.6 % consumed less than 100 MWh, and 73 % consumed less than 200 MWh. Only two buildings (a huge conference hall and an administration building) had an electricity consumption of more than 600 MWh. Electricity consumption during summer was less than during winter in 100 properties. The share of summertime consumption, which is here defined as the consumption that takes place between April 1 st and September 30 th , ranges between 19.5 and 57.2 %, with an average of 42.5 % and quartiles of 39 and 45 %.
To simulate electricity generation, the power output data from a PV plant installed on a town hall in a community in the Southwest of Germany (Rastatt) was obtained from the monitoring portal. The nominal capacity of the plant is 37.8 kW p , and the production in 2017 was 37 349 kWh (988 kWh/kW p ), which is a typical value for Southern Germany. Generation of preceding years differed by +3.9 to −2.3 %. 60 of the PV modules of the given plant are oriented towards West, and 80 modules face East with and inclination angle of 20 • and 25 • , respectively. The data is available in 15 min time resolution. The given PV plant is combined with batteries that follow a conventional control strategy, i. e. cost minimization without minimization of maximum annual power injection. It could therefore be used for validating the model output using objective function z 1 (1), comparing it to the operation observed in real life. It was observed that the model output was very close to the actually observed values, with differences in SCR of 0.83 % (34.67 % compared to 35.50 %).
Results
The linprog function of Matlab was used to calculate all results for each of the 110 system configurations applied to the available n = 111 consumption data sets. Results are presented for the self-consumption rate in Sec 3.1, for the self-sufficiency rate in Sec. 3.2, and for profitability in Sec. 3.3. Fig. 1 shows the average self-consumption rate of all analyzed data sets, for each of the PV and battery sizes assumed. Note that the PV size axis goes from highest to the lowest values. As expected, the SCR decreases with increasing PV size, and increases with rising battery capacity. The standard deviation of SCR values within one configuration is comparably small and nearly proportional to the arithmetic mean of SCR for most system sizes, with a coefficient of variation between 7.1 and 13.5 % for all sizes of PV plant greater than 0.2 kW/kW p . Fig. 2 shows all values of SCR for a PV system size of 1 kW p /MWh, along with the average value and the standard deviation. It can be seen that the increase in SCR Table 1 : Parameter values assumed in the case study In order to understand the differences in SCR between the different types of building, electricity consumption, share of summertime and daytime consumption and -in the case of school buildings -school types, these variables were considered as features for the variables SCR, SSR and profitability in an analysis of variance (ANOVA) and a generalized linear model (GLM), using the statistics software R. ANOVA is conducted on each single predictor variable to measure the variance explained by the respective variable (R 2 ) and to test if the predictor variable has a significant impact on the response variable (F-Test). GLM is used to capture the impacts of all relevant variables in one model. GLM allows to identify significant differences between single categories of one predictor variable (t-test). The total The model used to analyze the variance of SCR is given by Eq. 14, where d B1 is the dummy variable related to building type 1 and similar for the other building types, EC is the electricity consumption, S C is the summertime consumption (as defined previously) and DC is the daytime consumption, which is defined as the fraction of the consumption that takes place between 08:00 a.m. and 08:00 p.m.
Self-Consumption Rate
Even though the SCRs of some system sizes are not unambiguously normally distributed, the best fit was reached using a normal distribution (considerably lower AIC 4 compared to log-normal or gamma distribution in all cases). On average, the model was able to explain 78.6 % of the initial variance. In general, the explained variance is higher for larger systems (both PV plant and battery). For systems with a PV size of 0.2 kW p /MWh, the model could only explain 30.6 to 51.4 % of the variance. Correlations between numerical variables (daytime, summertime and total electricity consumption) are low, with Pearsons r being 0.4 or lower. School buildings tend to have a lower summertime consumption than other types of building and a slightly higher daytime consumption. Yet, the type of school does not seem to be correlated to any other variable.
ANOVA shows that the type of building has a significant impact on the self-consumption rate in case of 105 out of 110 system sizes. The variable explains on average 25.7 % of the variance. In general, R 2 increases with increasing battery size and decreases with PV system size. This can be seen in Fig. 3 , which shows overlapping notches of boxplots for most building types for a system with a PV plant of 1.8 kW p /MWh and a battery with 0.4 kWh/MWh, but more noticeable differences for a system with 0.6 kW p /MWh and 1.2 kWh/MWh, respectively. t-tests of the linear model show that the SCR of nursing homes, museums and conference halls are significantly different from the SCR of schools in 21, 49 and 57 cases, respectively. The SCR of administration halls, schools with sports hall and schools with daycare center are not significantly different in any case and SCR of sports halls in only four cases. The beta coefficients of the linear model are on average +2 % for nursing homes, +3.2 % for museums and −2 % for conference halls compared to schools without sports hall or daycare center.
Summertime consumption is found to be the most influential variable effecting SCR. On average, it explained 67.7 % of the variance, with up to 90 % for systems with large battery and PV system, but lower R 2 for small systems. Both t-test of GLM and F-test of ANOVA confirm a significant impact of summertime consumption for all 110 systems sizes. Fig. 4a illustrates the differences in scattering for different system sizes. Beta coefficients show that SCR increases on average by 0.65 % for each percent of summertime consumption. The highest impact of 1.07 % is found for a system of 0.6 kW p /MWh and 2 kWh/MWh. The lowest impact of 0.25 % was observed for a system with Electricity consumption explains on average 14.8 % of the initial variance. ANOVA shows a significant impact in 101 cases (F-test), and t-test of the linear model in 62 cases. Explained variance ranges from 10 to 20 % for most system sizes. The highest beta coefficient of GLM was 0.0061 % increase of SCR per MWh of yearly electricity consumption.
The share of daytime consumption is found to have a significant impact on SCR in 50 (ANOVA) and 60 (GLM) cases, and explains on average 10.5 % of the total variance. The variance explained by daytime consumption varies extremely between system sizes. For systems with large PV plants and small batteries, the share of daytime consumption explains up to 50 %, but for any system with a battery size of more than 0.8 kWh/MWh, the explained variance is smaller than 13 %. Beta coefficients for systems with PV plants greater than 0.6 kW p /MWh and batteries smaller than 1 kWh/MWh are between 0.1 and 0.35 % increase in SCR for each percent of daytime consumption. Fig. 4b shows that SCR increases with increasing daytime consumption in case of a large PV plant combined with a small battery, but for systems with large PV plants and large batteries, no impact of daytime consumption on SCR can be observed.
Self-Sufficiency Rate
The average self-sufficiency rate is shown in Fig. 5 . Since SSR is the ratio of self-consumed PV-generated electricity and total electricity consumption, it increases with increasing battery capacity and increasing PV system size. For battery capacities greater than 1 kWh per kW p PV capacity, the increase in SSR is relatively low. Scattering of SSR is similar to the variation of SCR, with coefficients of variation between 7 and 13 % for most system sizes. Since SCR and SSR are indicators with the same numerator (self-consumed PV electricity), they are perfectly correlated, and properties with a high SCR also have a high SSR. Thus, the variation between properties can be explained by the same model as used for SSR, showing the same R 2 for the respective variables. The beta coefficients for the variables are different, however, since the values of SSR are small for small PV plants and large for large PV plants. The beta coefficients for daytime consumption range from 0.1 to 0.5 % increase in SSR for each percent of daytime consumption for systems with PV plants greater than 0.6 kW p /MWh, and batteries smaller than 1 kWh/MWh. Beta coefficients for summertime consumption are highest for systems with large PV plants and large battery (about +0.9 % SSR for each percent of summertime consumption) and lowest for systems with small PV plant and small battery (+0.2 to +0.5 % SSR for each percent of summertime consumption). Beta coefficients for building types are +1.7, +2.9 and −2 for nursing homes, museums and conference halls on average.
Profitability
Whether or not a system is seen as profitable for a given internal rate of return depends, of course, on the interest rate aspiration of the investor, and no absolute threshold is proposed here. However, a negative IRR is a clear sign for lacking profitability. IRR values were calculated for all properties and all sizes of PV storage systems. Average values are shown in Fig. 6 for all PV and battery sizes, assuming the current feed-in tariff scheme in Germany (cp. Tab. 1). The green bars indicate the PV size reaching the highest IRR for a given battery size. The highest IRR of 16.3 % was found for small PV systems without a battery. It was also found that the IRR decreases with increasing battery capacity for all PV sizes. As small PV systems reach higher SCR values, profitability also decreases with increasing PV size in the FIT scheme. It must be noted that, as the assumed cost of installation is fixed per kW p of PV and per kWh of battery, economies of scale for larger PV plants are neglected, here. Another pattern observed in the IRR results is that larger batteries also increase the PV size that makes the system most profitable for the particular battery size. The IRR was also calculated for the case that no FIT was granted, and excess PV generation electricity can only be sold at an average market remuneration of 40 EUR/MWh (cp. Fig. 7a , in which only positive maximum IRR values per battery size are marked in green). In this case, average IRR values are lower than with FIT for all system configurations, and even negative for battery sizes beyond 1.4 kWh/MWh. This tendency becomes even stronger if no remuneration for surplus electricity is earned (cp. Fig. 7b ). All IRR values are lower than in the market remuneration case, and they are only positive for systems up to 1.2 kW p /MWh of PV and up to 1.2 kWh/MWh of battery capacity. Interestingly, small PV systems without a battery remain profitable, as their benefit is mainly based on saved procurement costs, which is independent of surplus remuneration.
The scattering in IRR between properties is rather low, as can be seen in Fig. 8 for the case with FIT. It shows the average and standard deviation of the IRR for systems with a PV size of 1 kW p /MWh and different battery sizes. It ranges from 0.3 to 0.7 % for most system configurations. Only for systems with a small (a) Only market remuneration (b) No remuneration for PV feed-in Figure 7 : Average IRR of PV battery system, assuming no FIT PV plant and a small battery (resulting in high IRR), the standard deviation is higher (up to 0.9 %). The IRR of the system is highly correlated with the respective selfconsumption rate of the property, with a Pearson correlation coefficient of ρ = 0.93 on average (min: 0.79, max: 0.98) for the case with FIT. Correspondingly, most of the variance was explained by summertime consumption (56.5 % on average) and type of building (20.3 %). The same GLM was used as for SCR, showing that the IRR of nursing homes and museums is on average 0.19 and 0.25 % higher than that of schools, while the IRR of conference halls is 0.18 % lower. Furthermore, the IRR increases on average by 0.05 % for each percent of summertime consumption.
If the investment into the battery as part of the PV battery system is evaluated separately (setting additional revenues in relation to the battery investment cost), IRR values are considerably lower than for the PV battery system. If current FIT is granted, IRR of the battery is negative for any system sizing, as shown in Fig. 9 . In this graph, the ordinate was cut at −25 %, but some If only market remuneration is received for the PV surplus, or if no remuneration is earned, batteries' IRR become positive for some system size options, as can be seen in Fig. 10 . In both graphs, blue bars indicate positive values. Values are again displayed only for system configurations with positive IRR of the respective entire system, with the exception of the red bars in Fig. 10b (no  remuneration) . These indicate configurations in which the battery provides value to the overall system, with positive IRR values of up to 4.2 %, but the overall system IRR is nevertheless negative.
For the market remuneration case, the battery IRR is only positive for PV systems larger than 1.2 kW p /MWh, (a) Only market remuneration (b) No remuneration for PV feed-in Figure 10 : Average IRR of battery investment within PV battery system, assuming no FIT and for small batteries (0.2 to 0.4 kWh/MWh). Yet, the highest IRR with 1.1 % on average, realized with the largest considered PV plant and the smallest battery considered size, is still quite low, and may not be profitable in the view of many investors. If no surplus electricity is sold, the IRR of the battery is positive for systems with a PV plant of more than 0.6 kW p /MWh and up to a battery size of 0.8 kWh/MWh. The highest IRR values reachable for positive IRR PV battery systems is 3 %.
Another interesting indicator if IRR is negative is the battery price (in EUR/kWh of battery capacity) for which a net present value of zero would be achieved. This is here referred to as the break-even (BE) price of the battery. Fig. 11 shows the average break-even prices for all system sizes with FIT, and Fig. 12 depicts the same for two cases without FIT. BE prices decrease rapidly with increasing battery capacity in all cases, and are lower for small PV plants. The highest break-even price of 731 EUR/kWh is found for a sports hall with a PV system of 2 kW p /MWh and a battery of 0.2 kWh/MWh. If surplus electricity is sold on the market at a price of 40 EUR/MWh, an average breakeven price of 880 EUR/kWh is reached for PV systems of 2 kW p /MWh and batteries of 0.2 kWh/MWh. If no surplus electricity remuneration is earned, this value increases to 1 114 EUR/kWh. Figure 13 shows the maximum grid input for all system sizes (average of all data sets) in percent of installed PV capacity for the model applying z 2 , i. e. the objective function that integrates feed-in minimization. Even with large PV systems, the maximum grid injection is not larger than around 70 % of its installed capacity. If the PV plant is combined with a battery, maximum grid input decreases by more than 10 % for the first 0.2 kWh/MWh, and more moderately for additional battery capacity. If cost minimization only (z 1 ) is applied, there is almost no decrease in maximum power feed-in into the grid with increasing battery capacity.
Discussion
All results presented in this study are based on data in 15 min time resolution. It must be noted that every time aggregation reduces the information on actual power peaks of shorter duration to some extent. It has been shown by previous studies that this leads to a systematic overestimation of self-consumption, and an underestimation of losses due to feed-in limits. The authors of [18] find that the self-sufficiency rate of a 1 kW p /MWh PV plant is increased by 1.5 % if hourly data is used, compared to data in 1 min resolution. The study shows that the difference disappears almost completely if the (a) Only market remuneration (b) No remuneration for PV feed-in Figure 12 : Average break-even price of the battery constituent, assuming no FIT plant is combined with a battery. In [19] , the losses resulting from a feed-in limitation of 70 % of installed PV capacity were modelled for systems without selfconsumption. The authors find differences between 1.6 and 2.1 % for data in 1 sec time resolution compared to 15 min time resolution. Thus, the losses due to the 70 % feed-in cap assumed here would probably be lower than in reality. In addition, the grid-friendly model applied (cp. z 2 , Eq. 2) represents a BMS with perfect foresight of PV generation and load data. [20] find that losses increase from 1 to 3 % if PV forecasts are based on the generation of the previous day, and load forecasts on the same weekday of the previous week, compared to perfect foresight. For more realistic results, studies with forecast algorithms would have to be used instead of perfect foresight models, in order ot account for the inherent uncertainty of forecasts.
For reasons of simplicity and to compare the results between properties, it is assumed that there is suffi- Figure 13 : PV feed-in into the grid cient roof area for all PV sizes available on each property. In reality, roof shape and area might limit the PV plant size. In addition, the specific prices (EUR/kWh or EUR/kW p ) for both PV and battery are likely to change for different system sizes due to economies of scale, while they are assumed to be constant in this study. The scaling effect would result in higher prices for small PV plants, meaning that the IRR of small systems could be overestimated, here. With increasing battery size, price reduction becomes smaller. 91 % of all simulated systems are larger than 20 kW p .
A significant limitation of the economic assessments in this study is that ageing, in particular battery ageing, is neglected. Sensitivity analyses showed that breakeven prices for batteries decrease by 20 to 30 % if aging is considered. One weakness of the statistical analysis is the unequal amount of data sets for the different types of buildings. Schools are clearly overrepresented in the data set, while museums, for example, are only represented by two data sets. Model diagnostic showed that there is no pattern in the residuals, when plotted against predicted values, which means that the assumption of linear regression for all variables is appropriate. However, some residuals differ from a normal distribution, which means that some extreme values are not represented properly by the GLM. Including interactions between the predictor variables in the model did not lead to better results.
The higher temporal coincidence of PV generation and electricity demand in municipal properties results in high shares of self-consumption, and high profitability of PV plants alone. Especially small to medium sized PV systems show high internal rates of return. Combining these plants with a battery results only in a moderate increase of self-consumption, but in reduced profitability in all cases assuming feed-in remuneration at the current level in Germany, and in many cases assuming only market revenues or no remuneration at all. Using battery storage, therefore, provides less benefit than it does in residential settings. Besides, the difference between electricity prices and the levelized cost of generating electricity with an own PV plant is smaller for larger consumers, such as municipal buildings, in comparison to private households. Reduced battery prices cannot always improve the IRR for the battery, because the savings per kWh stored are too small.
Revenue losses due to feed-in power limitations of 70 % are found to be well below 1 % for all system sizes. For a stricter feed-in power limitation of, for example, 50 %, losses account for 1.27 % for mediumsized PV systems (1 kW p /MWh), and 2.49 % for large PV systems (2 kW p /MWh) without battery. In the case of the grid-friendly discharging strategy using objective function z 2 (Eq. 2), feed-in losses decrease rapidly with increasing battery capacity. In the case of selfconsumption maximization using objective function z 1 (cp. Eq. 1), additional battery capacity only results in a small reduction of feed-in losses.
Conclusions
This study investigated self-consumption rates, selfsufficiency rates and profitability measures for PV battery systems using the load data of 101 municipal properties in 15 min time resolution. Profitability for all system size configurations were evaluated through the measure of internal rate of return. In addition, the battery prices necessary to bring a PV battery system to a net present value of zero have been calculated. Two different algorithms were used, one that simulates battery management that solely minimizes total electricity cost, and a second one that also keeps power injection to the grid as low as possible.
It was found that (i) IRR and break-even prices for batteries greatly depend on the respective system size; (ii) the highest IRR is reached with small to medium sized PV plants without battery storage, and (iii) for smaller PV plants, the combination with a battery storage is not profitable. However, (iv) small batteries can be profitable if they are combined with a large PV plant in the case that no feed-in tariff is granted, which applies, e. g., to PV plants at the end of their support period.
On the level of the self-consumption and selfsufficiency rates, it was found that (v) SCR and SSR of PV battery systems installed on municipal properties are significantly higher than for residential buildings in the case of small batteries; (vi) for medium sized batteries (1 kWh/MWh) the differences are negligible and for large batteries (2 kWh/MWh) self-consumption of residential buildings is even higher.
Regarding the grid interaction, it was found that (vii) if the objective function is cost minimization only, PV feed-in power cannot be reduced significantly by the battery, because the battery is already fully charged before the peak in PV generation is reached. However, (viii) if grid injection is added to the objective function to be minimized, even small batteries lead to considerable reductions of feed-in power.
Finally, the findings suggest that (ix) differences in self-consumption and profitability are low between the different types of municipal buildings, and the share of summertime consumption has the greatest impact on both self-consumption and profitability, while (x) the share of daytime consumption impacts profitability only for systems with large PV plants and small batteries.
In summary, the high profitability of PV systems on municipal properties ensures an economic operation in most cases for the PV plant sizes investigated here. One benefit of storage, while not being economically advantageous in the large majorities of cases considered here, is that even small batteries can help shaving feedin power peaks significantly if an optimized charging and discharging strategy is used. Fig. 13 
